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Abstract 
Emerging research suggests that the extent to which activity spaces – the collection of an 
individual’s routine activity locations – overlap provides important information about the 
functioning of a city and its neighborhoods. To study patterns of overlapping activity spaces, we 
draw on the notion of an ecological network, a type of two-mode network with the two modes 
being individuals and the geographic locations where individuals perform routine activities. We 
describe a method for detecting “ecological communities” within these networks based on shared 
activity locations among individuals. Specifically, we identify latent activity pattern profiles, 
which, for each community, summarize its members’ probability distribution of going to each 
location, and community assignment vectors, which, for each individual, summarize his/her 
probability distribution of belonging to each community. Using data from the Adolescent Health 
and Development in Context (AHDC) Study, we employ latent Dirichlet allocation (LDA) to 
identify activity pattern profiles and communities. We then explore differences across 
neighborhoods in the strength, and within-neighborhood consistency of community assignment. 
We hypothesize that these aspects of the neighborhood structure of ecological community 
membership capture meaningful dimensions of neighborhood functioning likely to co-vary with 
economic and racial composition.  We discuss the implications of a focus on ecological 
communities for the conduct of “neighborhood effects” research more broadly.   
Keywords: latent Dirichlet allocation, network analysis, activity space, ecological networks, 
neighborhood 
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Introduction 
Research on the effects of neighborhood contexts has a long history in social science and public 
health, but has increased exponentially in the last two decades in response to seminal research 
(Wilson 1987, 1996; Kawachi and Berkman 2003) and the increasing incorporation of data on 
neighborhood context into large-scale studies of the social context of health (Sampson, 
Raudenbush, and Earls 1997; Morenoff 2003; Sastry et al. 2006; Harris 2013). Although 
“neighborhood effects” research has produced compelling evidence of geographic context effects 
on a range of outcomes, the field has seen a recent shift away from exclusive focus on the 
neighborhood of residence (typically operationalized using administrative units such as census 
tracts, census block groups, or zip codes) as the critical non-home exposure context. Scholars 
from a range of disciplines have advocated for considering activity spaces, or the geographic 
locations an individual frequents as part of his or her daily routine, to more accurately capture 
the influence of social and spatial context (Golledge and Stimson 1997; Albert, Gesler, and 
Levergood 2000; Kwan 2009; Matthews and Yang 2013; Browning and Soller 2014). Activity 
space has been used to study non-residential segregation (Wong and Shaw 2011), depression 
(Vallée et al. 2011), health-related behaviors (Vallée et al. 2010; Zenk et al. 2011), and 
accessibility to healthcare opportunities (Sherman et al. 2005). Overviews of research employing 
the notion of activity space can be found in Ren (2016) and Perchoux et al. (2013). 
A focus on the characteristics of potentially idiosyncratic activity spaces naturally leads to 
investigation of individual-level exposure-outcome links.  For example, Zenk et al. (2011) 
studied the association between environmental characteristics of an individual’s activity space 
(e.g., fast food outlet density, supermarket availability, park land use) and his/her dietary and 
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physical activity behaviors. To the best of our knowledge, however, little is known about the 
implications of activity spaces in the aggregate for the functioning of neighborhoods and cities as 
a whole. Vallée et al. (2010, 2011) looked at the interaction effect of activity space and 
neighborhood via multilevel logistic regression models. They found that neighborhood 
environment is associated with health behaviors and outcomes of individuals with limited 
activity space (limited relative to their neighborhood); a limited activity space is protective for 
depression for individuals living in advantaged neighborhoods and a risk factor for those living 
in disadvantaged neighborhoods (Vallée et al. 2011).  
In our previous work (Browning and Soller 2014; Browning et al. 2017b), we explored the 
effects of overlapping activity spaces through the notion of an ecological (eco-) network.  An 
eco-network can be understood as a two-mode network with the modes being individuals 
residing within an urban environment and the geographic locations they visit.  Network ties are 
defined only between nodes of different modes (i.e., individuals can only be connected to 
locations). Using data from the Los Angeles Family and Neighborhood Study (L.A.FANS) 
(Sastry et al. 2006), Browning et al. (2017b) estimated eco-networks at the neighborhood level, 
where residents are tied through shared activity locations (in and beyond the neighborhood 
boundary).  They found that neighborhood eco-network intensity (the extent to which household 
dyads encounter one another through multiple locations) is positively associated with collective 
efficacy (Sampson, Raudenbush, and Earls 1997), intergenerational closure (Coleman 1990; 
Sampson, Morenoff, and Earls 1999), and social network interaction and exchange (Morenoff 
2003; Browning, Dietz, and Feinberg 2004), and that neighborhood eco-network extensity (the 
average proportion of all households in the neighborhood to which a given household is tied 
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through any routine activity location) is positively associated with collective efficacy and 
intergenerational closure. 
A focus on features of neighborhood eco-networks emphasizes shared activity patterns among 
neighborhood residents, but neglects the larger structure of everyday intersection characterizing 
urban areas as a whole.  Scaling the eco-network up to the city level provides an opportunity to 
identify clusters of individuals linked together by commonality in the set of routine locations 
they visit – or what we call ecological (eco-) communities.  The eco-community concept 
acknowledges the importance of both direct activity space exposures as well as indirect ties to 
individuals and places that are socially (but not necessarily spatially) proximate through mobility 
flows.  Extant research suggests that indirect ties to places may be consequential for 
neighborhood and individual-level wellbeing.  Mears and Bhati (2006), for instance, found that 
the crime rates of compositionally homophilous neighborhoods are associated (regardless of 
proximity), inferring that mobility-based ties among these neighborhoods drive their correlated 
outcomes.  In one of the few studies that empirically examines the consequences of indirect 
exposures, Graif, Lungeanu, and Yetter (2017) found evidence that the crime rates of places to 
which neighborhood residents commute are associated with focal neighborhood crime.  These 
studies suggest that aggregate links in the eco-network have consequences for the experience of 
any given location, regardless of an individual’s own exposures. The eco-community concept 
extends the logic of indirect influence to emphasize the potential for higher order, ramifying 
influence within clusters of interconnected individuals and places.    
The utility of identifying eco-communities depends, in part, on the extent to which they capture 
contexts that are empirically distinct from residential neighborhoods. The conventional idealized 
image of the neighborhood tends to be conflated with community, with residents presumed to 
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encounter one another on a regular basis in the course of routines such as grocery shopping, 
school attendance, religious events, and leisure activities.  Evidence of cross-neighborhood 
variation in the extent of shared activities (Browning et al. 2017b) suggests the potential for 
patterns of community membership to vary substantially across neighborhoods as well.  The 
extent of such variability is potentially significant for understanding neighborhood functioning.  
Neighborhoods in which residents are tied to a single community are likely to experience higher 
levels of social cohesion and be better equipped to take action on behalf of shared goals.  In 
contrast, neighborhoods where residents are tied to a variety of distinct communities may 
experience greater fragmentation and lack the capacity for conjoint pro-social action.   
Consistent with prior research on the wide-ranging consequences of neighborhood inequality 
(Sampson 2012), we hypothesize that the neighborhood structure of community membership is 
organized by economic disadvantage and segregation.  Poor and segregated neighborhoods may 
be characterized by deinstitutionalization (Wilson 1987, 1996; Small 2006; Small and 
McDermott 2006) with limited access to jobs, schools, commerce, and other amenities.  In turn, 
residents may be forced to seek resources outside the neighborhood, leading to potentially 
idiosyncratic activity space exposures and community membership patterns.  High levels of fear 
and mistrust may also lead residents of disadvantaged neighborhoods to avoid local activity 
locations, also contributing to spatial dispersion in activity patterns and fragmented community 
ties.  Avoidance associated with fear may also lead to more time spent at home, resulting in 
fewer routine activities overall and weaker community embeddedness.  Relatedly, residential 
instability (with which poverty and segregation are associated) may contribute to peripheral 
membership in multiple communities as individuals mix routine activities based on a prior 
location or job with new destinations.  Even when individuals residing in disadvantaged 
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neighborhoods are closely tied to communities (structurally), however, the set of mobility 
constraints these individuals face is likely to result in a weaker association between the strength 
of community attachments and the consistency of community membership across neighbors.  In 
short, we expect more advantaged, less segregated neighborhoods to be characterized by a higher 
likelihood of consistent or homogenous community membership, stronger structural attachments 
to the communities with which they are affiliated, and a stronger association between community 
attachment and consistency of community membership.   
We draw on both the eco-network and eco-community concepts to study the patterns of overlap 
in individuals’ activity spaces within a larger urban environment.  First, we describe a 
methodology for the identification of ecological communities.  Our approach relies on latent 
Dirichlet allocation (LDA) in order to generate activity pattern profiles, or probability 
distributions of visiting each location at the community level, and community assignment vectors 
for each individual.  These vectors provide the basis upon which to assign modal community 
membership as well as determine the strength of community attachments, indicated by high 
probability of membership in single community and low probabilities of alternative community 
membership.  At the neighborhood level, investigation of variability in the distribution of 
community membership probabilities across individuals captures the consistency of community 
ties within neighborhoods.  Second, we apply this approach to an observed eco-network for the 
Columbus, Ohio area using activity space data on 1,307 caregivers from the Adolescent Health 
and Development in Context (AHDC) Study (Browning et al. 2016).  Third, we extract and 
investigate measures of the strength and consistency of community membership at the 
neighborhood level.  Finally, in an illustrative analysis, we examine the association between 
neighborhood level economic and racial composition and the consistency of community 
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membership, testing the hypothesis that neighborhood disadvantage and segregation tend to 
fragment community membership within neighborhoods.    
 
 
Data 
The AHDC Study 
The AHDC Study is a longitudinal survey that focuses on the impact of social and spatial 
environments on the health and development of urban youth (Browning et al. 2016, 2017a). The 
study involved adolescents between eleven and seventeen years old and their caregivers residing 
within the I-270 outerbelt in the Columbus, Ohio metropolitan area. The first wave of the AHDC 
data was collected between April 2014 and July 2016, and involved three data collection periods: 
the entrance survey, the ecological momentary assessment (EMA) week, and the exit survey. As 
part of the entrance survey, caregivers of the focal youth were asked about the places they go 
during a typical week, including weekend, with the following location types: workplace (main 
job), school/college/training program, library, church or other religious place, grocery store, 
relative’s house, friend’s house, rec center/park/sport’s facility, restaurant, store or other 
business, civic organization, neighborhood organization (block watch, etc.), and other. The 
locations reported could be outside of the I-270 outerbelt. For each location type, multiple 
locations could be provided. The same location could be provided as responses to multiple 
location types as well. The latitude and longitude coordinates of each location were collected via 
the Google Maps API. The home address and reported locations of each caregiver were then 
aggregated to the census block group. An ecological network can be created, represented as a 
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matrix, with rows indexing caregivers, columns indexing block groups, and entries being the 
number of times caregivers reported a block group as containing the location of a routine 
activity.  
Among the 1,404 caregivers who were interviewed as part of the AHDC Study, five of them did 
not share any visited block groups with others, one individual did not provide any activity 
locations, and one individual provided a home address outside of the I-270 outerbelt. These 
seven caregivers are excluded from the following analyses. In order to study variability in 
activity pattern profiles at the neighborhood level, sufficient density of sampled caregivers 
within a neighborhood is needed. Therefore, an additional ninety caregivers whose home 
locations are in census tracts that contain fewer than four (<4) caregivers are excluded. The 
1,307 caregivers included in the study reported activity locations in a total of 883 block groups. 
To protect the identities of the study participants, home addresses are not allowed to be released 
according to the study protocol. Therefore, a random point from the same block group as the 
home address is used to represent the home location in all maps presented in this paper. 
 
The AHDC Caregivers’ Ecological Network 
Columbus, Ohio is the capital of the state of Ohio and the 14-th most populous city in the United 
States. It is often described as an “average” American city and has historically served as test 
market city for the vetting of new products (Holloway et al. 1999). Columbus is also a very 
segregated city, both racially and economically (Florida and Mellander 2015). 
Figure 1A provides a brief summary of the study area in Columbus (inside I-270). The black 
shading in the background indicates the proportion of black residents at the block group level, 
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with darker shading indicating a higher proportion of blacks. The data come from the 2009-2013 
American Community Survey 5-year (ACS 5-yr) released by the U.S. Census Bureau. The 
Hispanic and Asian populations in Columbus are relatively small (5.6 percent and 4.1 percent, 
respectively, based on the 2010 census population); therefore, a higher percentage of black 
residents often indicates a lower percentage of white residents. The west side of Columbus is 
mostly white; blacks are concentrated in the east side of the city, with the exception of Bexley, 
an affluent suburb in the southeast of Columbus. Except for Bexley, all other wealthy suburbs 
(inside I-270) are in the west side of the city, including Grandview Heights, Upper Arlington, 
and Dublin. While Upper Arlington, Dublin, and Bexley mostly consist of families with kids, 
Grandview Heights attracts more childless young professionals. Easton Town Center, one of the 
premier shopping destinations in the Columbus metropolitan area, locates in the northeast of 
Columbus. The Central Business District (CBD) of Columbus is in downtown, which contains 
numerous businesses, organizations, educational institutions, and entertainment options.  
Figure 1B summarizes caregivers’ home locations and activity locations in the study region 
(inside I-270). Both home and activity locations shown here are approximations to the actual 
addresses. In total, the 1,307 caregivers provide 7,092 routine activity locations that are inside I-
270. 
Figure 2 summarizes the number of activity locations caregivers report in each block group. 
Figure 2A summarizes the block groups by the total number of routine activity locations among 
all caregivers, with darker shading indicating higher visit frequencies. Caregivers with different 
characteristics are attracted to different block groups; for illustrative purposes, three block 
groups with interesting caregiver patterns are summarized below.  
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Figure 2B shows the approximate location of residence for caregivers who regularly visit the 
most popular block group, the one in the northeast that contains Easton Town Center. Caregivers 
who regularly visit this block group live in different areas of the city, but are mainly from the 
east side. The majority of those who live in the northeast are black (results not shown). 
Caregivers who regularly visit this block group have a wide range of household incomes (results 
not shown). Compared to the west side, a larger proportion of caregivers living in the northeast 
visit this block group. 
Figure 2C shows the approximate location of residence for caregivers who regularly visit the 
fifth most popular block group, located in Bexley, Ohio. This block group contains Bexley 
Middle School and Bexley High School. All caregivers who regularly visit this block group live 
in Bexley. This is a group who are mostly white, with dispersed household incomes (results not 
shown). A very large proportion of caregivers living in Bexley visit this block group, while none 
of the caregivers living outside of Bexley visit it on a regular basis. 
Figure 2D shows the approximate location of residence for caregivers who regularly visit the 
tenth most popular block group, located in downtown Columbus. Although most of them live on 
the east side of the city, their home locations are very dispersed. They are mostly black, 
especially those from the east side, and most of them are middle class (annual household income 
between $30K and $150K; results not shown). The proportion of caregivers visiting this block 
group is very homogeneous across the city; however, a few block groups close to downtown 
Columbus have slightly higher proportion visiting than the rest. 
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Methods 
Despite the abundance of existing methods for one-mode network analysis, methods for two-
mode network analysis still remain underdeveloped (Wasserman and Faust 1994; Field et al. 
2006). Two-mode networks can be visualized using the biplot. Some existing statistical methods 
for analyzing two-mode networks include Galois Lattices (Wasserman and Faust 1994) and 
correspondence analysis (CA) (Borgatti, Everett, and Johnson 2013). Some existing statistical 
methods for detecting communities in two-mode networks include the extended 𝑝𝑝∗ models (Field 
et al. 2006), the dual-projection approach (Melamed 2014), and the bilinear mixed-effects model 
(Jia, Calder, and Browning 2014; Jia 2016). Most of these community detection methods, 
however, only assign one community to each individual and do not consider the strength of the 
community assignment. As an alternative to these methods, we propose the use of latent 
Dirichlet allocation (LDA) (Blei, Ng, and Jordan 2003), which allows us to study the community 
structure by assigning a probability distribution over locations for each community. Although 
originally developed for and mainly used in text data mining, LDA has previously been used to 
study the patterns in the locations of individuals’ check-ins on Facebook (Chang and Sun 2011). 
As Chang and Sun (2011) pointed out, LDA “has the potential to find culturally similar 
‘neighborhoods’ even if they span different areas of a city.” Following this suggestion, we use 
LDA to study individuals’ activity patterns in the aggregate and detect communities in ecological 
networks.  
Previous studies have shown that non-negative matrix factorization (NMF) with Kullback-
Leibler (KL) divergence is very similar to LDA (Ding, Li, and Peng 2008; Paisley, Blei, and 
Jordan 2014). However, NMF does not have the Dirichlet constraints as in LDA, which allow the 
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probabilistic interpretation of our activity pattern profiles and community assignment vectors 
needed for interpreting our findings.   
Using the caregivers’ data from the AHDC Study, we first employ LDA to identify activity 
pattern profiles which are probability distributions over a discrete set of locations, which in our 
analysis of the AHDC data are census block groups. These activity pattern profiles are what 
define ecological (eco-) communities. In turn, our method finds, for each individual, a 
community assignment vector, which is a discrete probability distribution over the eco-
communities (which corresponds to the activity pattern profiles) and we define the community to 
which an individual belongs with the highest probability to be the individual’s modal community. 
After identifying activity pattern profiles and modal communities, we further investigate the 
spatial structure of our findings by looking at, for example, the extent to which modal 
community assignment is spatially clustered when individuals are geographically positioned by 
their home locations. We then examine the consistency of community assignment by employing 
the Gini coefficient to look at the strength of community assignment for each caregiver.  We 
aggregate the Gini to the neighborhood level to measure the average community assignment 
strength. Finally, we use total variation from the Aitchison geometry to examine the variability 
in patterns of community assignment across individuals to measure the consistency of 
community assignment at the neighborhood level. 
 
Latent Dirichlet Allocation (LDA) for Ecological Networks 
Text data mining, as a multidisciplinary field involving statistics, machine learning, and data 
mining, is the process of extracting patterns from unstructured text documents (Tan 1999). In 
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text data mining, latent Dirichlet allocation (LDA) (Blei, Ng, and Jordan 2003) is often viewed 
as a method to discover the hidden “topics” from documents in a corpus. LDA assumes the 
existence of a latent variable, called a “topic,” such that each document consists of a random 
mixture of latent topics, and each topic is a distribution over words in the corpus. Although the 
settings differ, detecting communities in ecological networks resembles the task of identifying 
topics in a corpus. Similar to having documents and words and assuming a latent topic structure 
in a corpus, in ecological networks, we have individuals and locations and can assume a latent 
community structure, which are defined by activity pattern profiles.  
To specify the model, we let 𝑌𝑌𝑛𝑛𝑖𝑖𝑗𝑗 be the indicator that the 𝑛𝑛𝑖𝑖-th location individual 𝑖𝑖 visits is 
location 𝑗𝑗, where 𝑛𝑛𝑖𝑖 = 1, … ,𝑁𝑁𝑖𝑖, 𝑖𝑖 = 1, … , 𝐼𝐼, 𝑗𝑗 = 1, … , 𝐽𝐽. LDA assumes  
𝑌𝑌𝑛𝑛𝑖𝑖𝑗𝑗|𝑝𝑝𝑛𝑛𝑖𝑖𝑗𝑗~iid𝐵𝐵𝐵𝐵𝐵𝐵𝑛𝑛𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑖𝑖(𝑝𝑝𝑛𝑛𝑖𝑖𝑗𝑗), 
where 𝑝𝑝𝑛𝑛𝑖𝑖𝑗𝑗 ≝ 𝐖𝐖𝑖𝑖∙ × 𝐇𝐇∙𝑗𝑗, 𝐖𝐖 is an 𝐼𝐼 × 𝐾𝐾 matrix with 𝑊𝑊𝑖𝑖𝑖𝑖 being the probability of individual 𝑖𝑖 
belonging to community 𝑘𝑘, and 𝐇𝐇 is a 𝐾𝐾 × 𝐽𝐽 matrix with 𝐻𝐻𝑖𝑖𝑗𝑗 being the probability of an 
individual from community 𝑘𝑘 visiting location 𝑗𝑗, 𝑘𝑘 = 1, … ,𝐾𝐾. In addition, LDA assumes the 
priors of 𝐖𝐖 and 𝐇𝐇 are 
𝐖𝐖𝑖𝑖∙~iid𝐷𝐷𝑖𝑖𝐵𝐵𝑖𝑖𝐷𝐷ℎ𝐵𝐵𝐵𝐵𝑙𝑙(𝜶𝜶) 
and 
𝐇𝐇𝑖𝑖∙~iid𝐷𝐷𝑖𝑖𝐵𝐵𝑖𝑖𝐷𝐷ℎ𝐵𝐵𝐵𝐵𝑙𝑙(𝜷𝜷), 
where 𝜶𝜶 and 𝜷𝜷 are known constant vectors of dimension 𝐾𝐾 and 𝐽𝐽, respectively.   
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The Dirichlet distribution imposes the following constraints on 𝐖𝐖𝑖𝑖∙ and 𝐇𝐇𝑖𝑖∙ to ensure that they 
are valid (discrete) probability distributions: 
1. ∑ 𝑊𝑊𝑖𝑖𝑖𝑖𝐾𝐾𝑖𝑖=1 = 1 for all 𝑖𝑖 = 1, … 𝐼𝐼, and 
2. ∑ 𝐻𝐻𝑖𝑖𝑗𝑗𝐾𝐾𝑖𝑖=1 = 1 for all 𝑘𝑘 = 1, …𝐾𝐾. 
We call 𝐖𝐖𝑖𝑖∙ = (𝑊𝑊𝑖𝑖1, . . . ,𝑊𝑊𝑖𝑖𝐾𝐾), the probability distribution over communities for individual 𝑖𝑖, the 
community assignment vector of individual 𝑖𝑖; 𝐇𝐇𝑖𝑖∙ = (𝐻𝐻𝑖𝑖1, . . . ,𝐻𝐻𝑖𝑖𝑘𝑘), the probability distribution 
over locations for community 𝑘𝑘, the activity pattern profile of community 𝑘𝑘; and the community 
with the largest probability, argmax
𝑖𝑖
{𝑊𝑊𝑖𝑖𝑖𝑖: 𝑘𝑘 = 1, … ,𝐾𝐾}, the modal community of individual 𝑖𝑖. 
Let 𝐵𝐵𝑛𝑛𝑖𝑖 be the 𝑛𝑛𝑖𝑖-th location individual 𝑖𝑖 visits, and 𝐷𝐷𝑖𝑖 be the community picked for individual 𝑖𝑖 
based on his/her community assignment vector, 𝑛𝑛𝑖𝑖 = 1, … ,𝑁𝑁𝑖𝑖, 𝑖𝑖 = 1, … , 𝐼𝐼. Then, for the 𝑛𝑛𝑖𝑖-th 
location, by the law of total probability, the probability of individual 𝑖𝑖 visiting location 𝑗𝑗 is 
∑ 𝑃𝑃(𝐷𝐷𝑖𝑖 = 𝑘𝑘) × 𝑃𝑃�𝐵𝐵𝑛𝑛𝑖𝑖 = 𝑗𝑗�𝐷𝐷𝑖𝑖 = 𝑘𝑘�𝐾𝐾𝑖𝑖=1 , where 𝑃𝑃(𝐷𝐷𝑖𝑖 = 𝑘𝑘), the probability that individual 𝑖𝑖 belongs 
to community 𝑘𝑘, is equal to 𝑊𝑊𝑖𝑖𝑖𝑖, and 𝑃𝑃�𝐵𝐵𝑛𝑛𝑖𝑖 = 𝑗𝑗�𝐷𝐷𝑖𝑖 = 𝑘𝑘�, the probability that individuals in 
community 𝑘𝑘 visit location 𝑗𝑗, is equal to 𝐻𝐻𝑖𝑖𝑗𝑗. The LDA model can thus be understood via the 
following equation: 
𝑃𝑃�𝑌𝑌𝑛𝑛𝑖𝑖𝑗𝑗 = 1� = 𝑝𝑝𝑛𝑛𝑖𝑖𝑗𝑗 = 𝑃𝑃�𝐵𝐵𝑛𝑛𝑖𝑖 = 𝑗𝑗� 
= �𝑃𝑃(𝐷𝐷𝑖𝑖 = 𝑘𝑘) × 𝑃𝑃�𝐵𝐵𝑛𝑛𝑖𝑖 = 𝑗𝑗�𝐷𝐷𝑖𝑖 = 𝑘𝑘�𝐾𝐾
𝑖𝑖=1
 
= �𝑊𝑊𝑖𝑖𝑖𝑖𝐾𝐾
𝑖𝑖=1
× 𝐻𝐻𝑖𝑖𝑗𝑗 
= 𝑾𝑾𝑖𝑖∙ × 𝑯𝑯∙𝑗𝑗. 
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We fit the LDA models using the ‘LDA’ function with the ‘Gibbs’ sampling method (Phan, 
Nguyen, and Horiguchi 2008) in the R package ‘topicmodels’ (Hornik and Grün 2011). 
 
Selecting the Number of Communities 
One assumption of LDA is that the number of communities is known. To find the optimal 
number of communities, we follow Blei, Ng, and Jordan (2003) and fit multiple models with 
different numbers of communities and compare their perplexities. In natural language 
processing, perplexity is used to evaluate the goodness-of-fit of the model (Azzopardi, Girolami, 
and van Risjbergen 2003; Blei, Ng, and Jordan 2003). In the context of ecological networks, 
perplexity is the exponential of the average negative log-likelihood for each individual (Bengio 
et al. 2003); therefore, smaller perplexity indicates better fit of the model (Blei, Ng, and Jordan 
2003). 
In detail, we first split our data (by individual) into a training set (90 percent) and a testing set 
(10 percent). For each number of communities (𝐾𝐾 = 5 to 140), we fit the LDA model on the 
training set, and calculate the perplexity on the validation set. The perplexity of a testing set with 
𝐼𝐼′ individuals is defined as 
𝑃𝑃𝐵𝐵𝐵𝐵𝑝𝑝𝐵𝐵𝐵𝐵𝑃𝑃𝑖𝑖𝑙𝑙𝑃𝑃(𝑇𝑇𝐵𝐵𝑇𝑇𝑙𝑙𝑖𝑖𝑛𝑛𝑇𝑇 𝑆𝑆𝐵𝐵𝑙𝑙) = 𝐵𝐵𝑃𝑃𝑝𝑝 {−∑ ∑ 𝑙𝑙𝑙𝑙𝑙𝑙 𝑝𝑝(𝑙𝑙𝑛𝑛𝑖𝑖)𝑁𝑁𝑖𝑖𝑛𝑛𝑖𝑖=1𝐼𝐼′𝑖𝑖=1
∑ 𝑁𝑁𝑖𝑖
𝐼𝐼′
𝑖𝑖=1
}. 
This process is repeated 20 times (20 different test/training sets) and the 𝐾𝐾 of the model with the 
smallest average (across test/training sets) perplexity is chosen. We compare the models using 
the ‘perplexity’ function in the R package ‘topicmodels.’ 
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Results 
Community Detection 
Our cross-validation exercise indicates that the LDA model with 18 communities has the 
smallest average perplexity (average perplexity = 328.054). Therefore, for the analysis, the 
model with 18 communities is fitted to the entire data set (𝐼𝐼 = 1,307, 𝐽𝐽 = 902). The estimated 
community assignment vector for caregiver 𝑖𝑖 is the posterior mean 𝐖𝐖�𝑖𝑖∙, the estimated activity 
pattern profile for community 𝑘𝑘 is the posterior mean 𝐇𝐇�𝑖𝑖∙, and the estimated modal community 
of caregiver 𝑖𝑖 is the one to which he/she has the highest probability of belonging 
(argmax
𝑖𝑖
{𝑊𝑊�𝑖𝑖𝑖𝑖: 𝑘𝑘 = 1, … ,18}), 𝑖𝑖 = 1, … ,1307, 𝑘𝑘 = 1, … ,18. 
The result of LDA with eighteen pre-specified communities is shown in Figure 3. Here, 
caregivers are represented by their approximate home locations, which are colored according to 
their modal communities. Even though only caregivers’ activity locations (not including their 
home locations) are used in the LDA analysis, clear spatial clusters of communities can still be 
observed. Therefore, individuals living close to each other have similar activity patterns. 
Table 1 summarizes the sizes of the communities; the largest community consists of 118 
caregivers (community 1), and the smallest 27 (community 18). Figure 4 summarizes the 
distributions of annual household income and race for each community. Although we do observe 
some extreme communities (e.g., caregivers in community 10 are mostly white and wealthy, and 
caregivers in community 18 are mostly black and about half of them have annual household 
income less than or equal to $30K), overall, compared to block-group level summaries (Figure 
1A), distributions of race and household income are more mixed within each community. 
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Since the overlap of communities makes it difficult to see the spatial patterning of each 
individual community, separate figures of each community are shown in Appendix 2. For 
illustrative purposes, separate figures of communities 10, 12, 13, and 15 are shown in Figure 5. 
In each figure, points indicate the approximate home locations of caregivers in that community, 
with the shade indicating the probability of them belonging to it. Block groups are shaded to 
indicate the probability of caregivers from that community visiting it for a routine activity. 
Community 10, as shown in Figure 5A, consists mainly of caregivers living in Upper Arlington. 
Interestingly, LDA separates caregivers in Upper Arlington from caregivers in its neighboring 
city Grandview Heights (see community 16 in Appendix 2). Community 13, as shown in Figure 
5C, consists mostly of caregivers living in Bexley. Communities 10 and 13 (as well as 
community 16) are very compact, and consist mostly of caregivers who reside in or very close to 
that region. The most dominating block group of those two communities, though covered by the 
densely plotted home locations, locate inside the two suburbs, respectively.  
Community 12, as shown in Figure 5B, is formed mostly by caregivers who frequent the tenth 
most visited block groups, the one located in downtown Columbus. Community 15, as shown in 
Figure 5D, is formed mostly by caregivers who frequent the most visited block group, the one 
that contains Easton Town Center. Caregivers in communities 12 and 15 have home locations 
more dispersed across the city, have lower household income (Figure 4A), and are racially more 
diverse (Figure 4B). As a general pattern, wealthier communities tend to be more geographically 
compact and whiter.  
 
Quality of Community Identification 
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To demonstrate that the communities detected by LDA are effectively clustering caregivers with 
similar activity patterns, we estimate (via simulation from the fitted model) the probability that 
two caregivers share a routine activity location on whether they are assigned to the same modal 
community or not and as a function of the number of routine activity locations they report. The 
results of the simulation are shown in Figure 6. As a reference, the blue curve is the exact 
(calculated analytically) probability of two random caregivers (not necessarily having the same 
modal community) each visiting 𝑛𝑛 (𝑛𝑛 = 1, … , 35) locations sharing at least one of the same 
locations visited (out of 883). Compared to caregivers from different communities, caregivers 
from the same community are more likely to have shared locations. When two caregivers from 
the same community each visit 10 out of 883 locations, the average probability of them sharing 
at least one routine activity location is 0.934 (SD = 0.059). When two caregivers from different 
communities each visit 10 out of 883 locations, the average probability of them sharing at least 
one routine activity location is 0.119 (SD = 0.070).  
 
Communities versus Neighborhoods  
Following the convention, census tracts are used as proxies for (residential) neighborhoods 
(Morland et al. 2002; Sampson 2019). In total, there are 201 census tracts inside (or partially 
inside) I-270, and the 1,307 caregivers reside in 138 of them.  
On average, 28.725 percent (variance = 0.070) of the caregivers from the same neighborhood 
share the same modal community (distribution shown in Figure 7A; more numerical summaries 
in Table 2), and the number of different modal communities of caregivers from the same 
neighborhood is 4.594 (variance = 4.039; more numerical summaries in Table 3). Since the 
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number of modal communities represented may be larger for neighborhoods with more 
caregivers, Figure 7B summarizes the number of communities by the number of caregivers in the 
neighborhood. The blue line is the regression line of the number of caregivers on the number of 
modal communities. Contrary to our expectation, the number of communities is negatively 
affected by the number of caregivers in the neighborhood (coefficient = -0.066, 𝑝𝑝 = 0.026).  
 
Caregivers’ Community Assignment Patterns  
To measure the strength of caregiver’s community assignment, the Gini coefficient (Gini 1912) 
is calculated. The Gini coefficient, most commonly used in economics to quantify income or 
wealth inequality (Atkinson 1970), is a measure of statistical dispersion (Aquino, de Oliveira, 
and Barreto 2009). The Gini coefficient of caregiver 𝑖𝑖’s community assignment vector 𝐖𝐖𝑖𝑖∙ =(𝑊𝑊𝑖𝑖1, … ,𝑊𝑊𝑖𝑖𝐾𝐾) is  
𝐺𝐺� = ∑ ∑ |𝑊𝑊� 𝑖𝑖𝑖𝑖−𝑊𝑊� 𝑖𝑖𝑖𝑖|𝐾𝐾𝑖𝑖=1𝐾𝐾𝑖𝑖=1
2𝐾𝐾∑ 𝑊𝑊� 𝑖𝑖𝑖𝑖
𝐾𝐾
𝑖𝑖=1
, 
where 𝑊𝑊�𝑖𝑖𝑖𝑖 is the estimated probability of caregiver 𝑖𝑖 belonging to community 𝑘𝑘, 𝑘𝑘 = 1, … ,𝐾𝐾 
(Pyatt 1976). The Gini coefficient measures the strength of caregiver’s attachment to the 
communities. If someone has equal probability of belonging to all communities, then his/her 
Gini coefficient is 0. If, in the other extreme, someone belongs to one community with 
probability 1 and other communities with probability 0, then his/her Gini coefficient is 1 − 1
𝐾𝐾
. 
The Gini coefficient is strongly correlated with the number of routine activity locations 
caregivers report (𝑅𝑅2 = 0.883, 𝑝𝑝 < 0.001). This is not surprising because LDA detects 
communities based on the number of routine activity locations caregivers provide. As the 
 21 
number of locations a caregiver provides increases, more information is collected, and therefore 
LDA can assign him/her to communities with more confidence (higher probability). Controlling 
for the number of locations provided, the Gini coefficient is strongly associated with race (𝑝𝑝 <0.001) and annual household income (𝑝𝑝 < 0.001), respectively. The Gini coefficient is higher 
among whites than blacks, and increases as the annual household income increases.  
To understand the variation of caregivers’ community assignment patterns at the neighborhood 
level, the mean Gini coefficient of all caregivers from the same neighborhood is calculated. The 
mean Gini is strongly associated with the mean number of locations provided by the caregivers 
from the neighborhood (𝑝𝑝 < 0.001), but is not associated with the number of caregivers in the 
neighborhood (𝑝𝑝 = 0.270) (results not shown). Controlling for the mean number of locations 
provided and the number of caregivers, the mean Gini coefficient is negatively associated with 
concentrated disadvantage (𝑝𝑝 = 0.001; see Table 4) and percent black (𝑝𝑝 < 0.001; see Table 5), 
respectively. The mean Gini is higher in advantaged and/or white neighborhoods and lower in 
disadvantaged and/or black neighborhoods. These findings are consistent with the expectation 
that neighborhood disadvantage and segregation are associated with weaker community 
attachment, on average.   
It is possible, however, that everyone from the same neighborhood has a very high probability of 
belonging to one community, but they all belong to different communities. Therefore, in addition 
to the mean Gini coefficient, we estimate the neighborhood-level consistency of community 
assignment, measured by the total variation (Hron and Kubáček 2011) of the caregivers’ 
community assignment vectors for each neighborhood. Since each caregiver’s community 
assignment vector lies in a simplex, we use the total variation measure, as defined in the 
Aitchison geometry (Aitchison and Egozcue 2005). Let 𝑿𝑿 = (𝑋𝑋1, … ,𝑋𝑋𝐾𝐾)𝑇𝑇 be a random 
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composition (a random vector) in the Aitchison geometry, where 𝑋𝑋𝑖𝑖 is the 𝑘𝑘-th random 
component (a random variable) with constraints ∑ 𝑋𝑋𝑖𝑖𝐾𝐾𝑖𝑖=1 = 1 and 𝑋𝑋𝑖𝑖 > 0, 𝑘𝑘 = 1, … ,𝐾𝐾. For 
neighborhood 𝐷𝐷 with 𝑛𝑛𝑐𝑐 sampled caregivers, 𝐖𝐖𝑐𝑐1∙
𝑇𝑇 , … ,𝐖𝐖𝑐𝑐𝑛𝑛𝑐𝑐∙𝑇𝑇  are a random sample of 𝑿𝑿, and 
correspondingly, 𝑊𝑊𝑐𝑐1𝑖𝑖, … ,𝑊𝑊𝑐𝑐𝑛𝑛𝑐𝑐𝑖𝑖 are a random sample of 𝑋𝑋𝑖𝑖, 𝑘𝑘 = 1, … ,𝐾𝐾. We use the sample 
total variation of 𝐖𝐖𝑐𝑐𝑇𝑇 = (𝐖𝐖𝑐𝑐1∙𝑇𝑇 , … ,𝐖𝐖𝑐𝑐𝑛𝑛𝑐𝑐∙𝑇𝑇 ) to estimate the total variation of neighborhood 𝐷𝐷’s 
community assignment: 
𝑙𝑙𝐵𝐵𝑙𝑙𝑡𝑡𝑡𝑡𝐵𝐵� (𝐖𝐖𝑐𝑐𝑇𝑇) = 12𝐾𝐾 ∑ ∑ 𝑡𝑡𝑡𝑡𝐵𝐵� (𝐵𝐵𝐵𝐵𝑇𝑇 𝑋𝑋𝑖𝑖𝑋𝑋𝑗𝑗)𝐾𝐾𝑗𝑗=1𝐾𝐾𝑖𝑖=1 , 
where 𝐵𝐵𝐵𝐵𝑇𝑇 is the natural logarithm, and 𝑡𝑡𝑡𝑡𝐵𝐵� �𝐵𝐵𝐵𝐵𝑇𝑇 𝑋𝑋𝑖𝑖
𝑋𝑋𝑗𝑗
� = 1
𝑛𝑛𝑐𝑐−1
∑ �𝐵𝐵𝐵𝐵𝑇𝑇
𝑊𝑊� 𝑐𝑐𝑖𝑖𝑖𝑖
𝑊𝑊� 𝑐𝑐𝑖𝑖𝑗𝑗
− 𝐵𝐵𝐵𝐵𝑇𝑇
𝑊𝑊�∙𝚤𝚤
𝑊𝑊�∙𝚥𝚥
������ �
�
2
𝑛𝑛𝑐𝑐
𝑙𝑙=1  is the 
sample variance of 𝐵𝐵𝐵𝐵𝑇𝑇 𝑋𝑋𝑖𝑖
𝑋𝑋𝑗𝑗
 for community 𝐷𝐷, 𝑖𝑖 = 1, …𝐾𝐾, 𝑗𝑗 = 1, …𝐾𝐾 (Hron and Kubáček 2011). 
The total variation is strongly associated with the mean number of locations provided by the 
caregivers from the neighborhood (𝑝𝑝 < 0.001) and the number of caregivers in the 
neighborhood (𝑝𝑝 = 0.014), respectively (results not shown). Controlling for the mean number of 
locations provided and the number of caregivers, the total variation is negatively associated with 
mean Gini (𝑝𝑝 < 0.001) and positively associated with percent black (𝑝𝑝 = 0.002), respectively 
(results not shown). However, there is an interaction effect between mean Gini and percent black 
(𝑝𝑝 = 0.005; see Table 5). When percent black is low, the effect of mean Gini on total variation is 
negative. As percent black increases, the effect of mean Gini disappears (see Figure 8). In very 
white neighborhoods, the higher the mean Gini, the lower the total variation, whereas in very 
black neighborhoods, total variation is not associated with mean Gini.  
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Discussion  
In this paper, we use LDA to study the overlap in individuals’ activity spaces in order to detect 
ecological communities and to identify activity pattern profiles of communities. Compared to 
NMF with KL divergence, the Dirichlet constraints in LDA provide us with probability 
distributions of individuals on communities and communities on locations, which are needed in 
our case to assign modal communities for individuals and to define activity pattern profiles for 
the communities. Compared to most of the existing methods to detect communities in two-mode 
networks (Field et al. 2006; Melamed 2014), the probability distributions of individuals on 
communities obtained from LDA allow us to further study the strength of individuals’ 
community attachment and the consistency of their community membership at the neighborhood 
level.  
We illustrate our methods with the caregivers’ data from the AHDC Study, and further explore 
the strength of caregivers’ community attachment and the consistency of their community 
membership at the neighborhood level. Using the perplexity of LDA models as the criterion, 18 
communities are detected among the 1,307 caregivers residing inside the I-270 outerbelt of 
Columbus, Ohio. At the neighborhood level, we find that the strength of caregivers’ community 
attachment is associated with concentrated disadvantage and percent black, respectively, 
controlling for the mean number of locations caregivers provide and the number of caregivers 
residing in the neighborhood. We also find that the consistency of caregivers’ community 
membership is associated with the interaction between the strength of community attachment and 
the percentage of black residents, controlling for the mean number of locations they provide and 
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the number of caregivers residing in the neighborhood: Among white neighborhoods, the 
stronger the residents are attached to one community, the higher the likelihood that they all 
belong to one community, whereas among predominantly black neighborhoods, the consistency 
of residents’ community membership is not associated with the strength of their community 
attachment.  
Our conclusion is robust to the number of communities in the LDA model; the LDA model with 
25 communities also identifies caregivers’ in Bexley, Grandview Heights, and Upper Arlington 
as separate communities and leads to the same conclusions about the strength and consistency of 
community attachment.  
The implications of these findings for understanding urban neighborhood functioning are 
potentially significant.  Fundamentally, acknowledgement of the wide-ranging, extra-
neighborhood exposures experienced by urban residents is largely absent from the extant 
neighborhood literature.  Our analysis sheds light not only on the prevalence of these exposures, 
but clustering of shared routines that operates independently of residential neighbor proximity.   
The basis of ecological communities in actual patterns of shared exposure suggests the 
possibility that characteristics of these units may contribute to individual-level health and 
wellbeing outcomes, above and beyond the influence of residential neighborhoods or individual 
level activity space exposures.   
Second, neighborhood research has largely focused on internally-oriented characteristics of 
residential neighborhoods such as structural disadvantage and social network ties among 
neighbors to capture the conditions that promote or inhibit neighborhood social cohesion.  By 
mapping patterns of community attachment and membership consistency onto the neighborhood, 
our approach offers the potential for identifying previously neglected sources of neighborhood 
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cohesion and fragmentation.  Wealthier, whiter neighborhoods are more likely to share a 
common community and to experience stronger associations between community attachment and 
community consistency.  Future research may benefit from efforts to understand how structurally 
advantaged neighborhoods tap into shared communities to enhance neighborhood wellbeing.   
Finally, the ecological network and community concepts point to more sophisticated research 
questions regarding the embeddedness of residents and neighborhoods in larger urban systems of 
interaction.  What kinds of urban arrangements – physical and social – tend to promote more 
diverse or homogeneous ecological communities?  What implications do these patterns hold for 
variability in the experience of cohesion across cities?  Although a promising direction for urban 
research, availability of data resources capturing shared routines across urban residents remains 
limited.  A recent exception is the work leveraging geo-referenced social media to proxy 
exposures (Wang et al. 2018).  Yet these data are limited by uncertainty regarding the 
representativeness of participating individuals and geo-tagged locations.    
In terms of limitations of our study, the AHDC caregiver reports include in some cases multiple 
locations for each location type and caregivers can report the same location for multiple types of 
routine activities.  Therefore, the counts we model are not the number of times a caregiver visits 
a block group.  Rather, they indicate the number of different activity types a caregiver conducts 
at a certain block group. In future research, we plan to explore different definitions of ecological 
communities that account for differences in the “importance” of different locations in an 
individual’s activity space (e.g., by taking into account the time spent or the frequency of visits).   
These and other refinements will enhance the quality of eco-community estimates – a new and 
potentially significant contextual unit for understanding the substantial variability in outcomes 
across urban residents.   
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Appendix 1: The Top Ten Most Visited Block Groups 
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Appendix 2: The Eighteen Communities Detected from LDA 
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Tables 
 
Table 1: Number of caregivers in each community 
Community 1 2 3 4 5 6 7 8 9 
Size 118 111 98 91 115 83 74 81 67 
 
Community 10 11 12 13 14 15 16 17 18 
Size 65 54 43 86 56 47 54 37 27 
 
 
  
 62 
Table 2: Probability of caregivers from the same neighborhood sharing the same community 
Minimum 1st Quantile Median Mean 3rd Quantile Maximum 
0.000 0.096 0.192 0.287 0.453 1.000 
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Table 3: Number of communities in each neighborhood 
Minimum 1st Quantile Median Mean 3rd Quantile Maximum 
1 3 4 4.594 6 10 
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Table 4: Mean Gini on concentrated disadvantage, controlling for the mean number of locations 
provided and the number of caregivers1 
Variable Estimate SE 𝑝𝑝-value 
Intercept 0.000 0.032 1.000 
Concentrated disadvantage -0.112 0.034  0.001 
Mean number of locations provided 0.879 0.034 < 0.001 
Number of caregivers 0.055 0.032 0.087 
1 All variables here are standardized to mean = 0 and SD = 1. 
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Table 5: Mean Gini coefficient on percent black, controlling for the mean number of locations 
provided and the number of caregivers1 
Variable Estimate SE 𝑝𝑝-value 
Intercept 0.000 0.029 1.000 
Percent black -0.176 0.030 < 0.001 
Mean number of locations provided 0.881 0.030 < 0.001 
Number of caregivers 0.053 0.029 0.076 
1 All variables here are standardized to mean = 0 and SD = 1. 
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Table 6: Total variation on mean Gini and percent black, controlling for the mean number of 
locations provided and the number of caregivers1 
Variable Estimate SE 𝑝𝑝-value 
Intercept 0.075 0.069 0.275 
Mean Gini -0.354 0.190 0.065 
Percent black 0.153 0.074 0.040 
Mean Gini × percent black 0.200 0.070 0.005 
Mean number of locations provided 0.952 0.178 < 0.001 
Number of caregivers -0.164 0.065 0.013 
1 All variables here are standardized to mean = 0 and SD = 1. 
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Figure Captions 
Figure 1: Distributions of black population in the study area and home and activity locations of 
caregivers 
Figure 1A: Proportion of black at block group level 
Figure 1B: Home and activity locations of caregivers 
Figure 2: Block group level caregiver visitors 
Figure 2A: Number of caregiver visitors of each block group 
Figure 2B: The most popular block group and caregivers who visit it on a regular basis 
Figure 2C: The 5-th most popular block group and caregivers who visit it on a regular basis 
Figure 2D: The 10-th most popular block group and caregivers who visit it on a regular basis 
Figure 3: Distribution of home locations by communities 
Figure 4: Distributions of household income and race by communities 
Figure 4A: Household income 
Figure 4B: Race 
Figure 5: Distributions of communities 10, 12, 13, and 15 
Figure 5A: Community 10 
Figure 5B: Community 12 
Figure 5C: Community 13 
Figure 5D: Community 15 
Figure 6: Simulation-based probabilities of having shared locations within and between 
communities 
Figure 7: Communities versus neighborhoods 
Figure 7A: Probability of caregivers from the same neighborhood sharing the same community 
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Figure 7B: Number of communities by number of caregivers sampled from the neighborhood 
Figure 8: Total variation on mean Gini and percent black, controlling for the mean number of 
locations provided and the number of caregivers 
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